[1] The coupling between the atmospheric boundary layer and the ocean surface in large-scale models is usually parameterized in terms of the sea drag coefficient, which is routinely estimated as a function of mean wind speed. The scatter of data around such parametric dependencies, however, is very significant and imposes a serious limitation on the forecasts and predictions that make use of sea surface drag parameterizations. The analysis of an atmospheric and wave data set collected in finite water depth at the Lake George measurement site (Australia) suggests that this variability relates to a number of parameters at the air-sea interface other than wind speed alone. In particular, results indicate that the sea drag depends on water depth and wave steepness, which make the wave profile more vertically asymmetric, and the concentration of water vapor in the air, which modifies air density and friction velocity. These dependencies are used to derive parametric functions based on the combined contribution of wind, waves and relative humidity. A standard statistical analysis confirms a substantial improvement in the prediction of the drag coefficient and sea surface roughness when additional parameters are taken into account.
Introduction
[2] The transfer of momentum at the air-sea interface between wind, waves and surface currents is a crucial process in atmospheric and ocean modeling. It is substantially influenced by the sea surface wind stress (t), which can conveniently be described in terms of a wind-dependent drag coefficient (C d ) as
where r is the density of air, u * is the friction velocity and U 10 is the wind speed as measured at 10 m from the mean water level. Therefore, the drag coefficient can be expressed as follows [see, e.g., Young, 1999] :
Considering a logarithmic profile for the wind speed
where U(z) is the wind measured at the anemometer height z and k = 0.4 is the von Kármán constant, and combining it with (2), the following relation between the sea roughness z 0 and the drag coefficient can be obtained
where z 10 = 10 m is the 10 m height above the surface. The transfer of momentum can thus be expressed in terms of sea surface roughness through the Charnock coefficient a = gz 0 /u * 2 [see, e.g., Guan and Xie, 2004] . Note, however, that the Charnock coefficient depends on an exponential manner on the drag coefficient at 10 m height and is therefore sensitive to errors in the observations for friction velocity and wind speed [see WISE Group et al., 2007] .
[3] It is important to note that (1) relies on the concept of a constant flux layer, which assumes that a combined viscousturbulent friction force dominates all other possible forces in the atmospheric boundary layer. This concept has been proven very consistent in general fluid mechanics, when constant speed flows over solid walls are considered. Nonetheless, the simultaneous evolution at multiple time scales with their complex physics and multiple mechanisms at the air-sea interface may be responsible for notable deviations from the assumed simple friction forcing, particularly when the winds are gusty [cf. Babanin and Makin, 2008] . At low wind speeds, furthermore, the height of this layer can be less than 10 m [see Komen et al., 1994] , and hence equation (1) would not be valid. However, when the assumption of a constant flux layer is possible, knowledge of C d (or a) enables a simple determination of momentum fluxes, provided U 10 is specified.
[4] Accurate evaluation of C d has proven to be a major challenge since it requires precise field measurements of fine turbulent fluctuations in the atmospheric boundary layer close to the sea surface. Over the past few decades, nonetheless, a large number of field determinations of wind profiles, wind stress and sea surface drag coefficient have been made over the ocean from which a wind speed dependence of the drag coefficient has been established (see, e.g., Young [1999] and Guan and Xie [2004] for a general overview).
[5] Routinely, the drag coefficient is expressed as a linear regression function C d = a + b U 10 , where the coefficients a and b are calculated empirically (for the Charnock coefficient a power law of inverse wave age u * /c p , where c p is the phase speed, is normally used). Note, however, that the drag coefficient tends to level off in hurricane force winds and hence a linear regression may not be adequate under these circumstances [see, e.g., Powell et al., 2003; Donelan et al., 2004; Kudryavtsev, 2006; Makin, 2005] . Nonetheless, for the entire range of wind speed, observed wind data show a surprisingly large scatter when the equivalent drag coefficient is plotted against the reference mean wind speed, regardless the extensiveness and precision of wind and wave measurements. In this regard, many effects can influence the momentum flux other than wind speed. Amongst them, we mention changes in waveform drag associated with different sea states [see, e.g., Stewart, 1974; Smith et al., 1992; Donelan et al., 1993b; Monbaliu, 1994; Drennan et al., 2003] ; the wind gustiness [see, e.g., Miles, 1993; Babanin and Makin, 2008, and references therein] ; the nonstationarity of the wind and wavefield [Uz et al., 2002; Skafel and Donelan, 1997] ; finite water depth effects [e.g., Makin and Kudryavtsev, 2002; Babanin and Makin, 2008] ; and the interaction between wind and swell [Donelan et al., 1993a; Drennan et al., 1999] , especially cross-wind and adverse-to-the-wind swells.
[6] Interestingly enough, furthermore, an investigation on the stability dependence in the exchange coefficients for wind stress, latent heat flux, and sensible heat flux seems to suggest that there exists a relation between the drag coefficient and relative humidity [Kara et al., 2005] . As such, a dependence is not unexpected as the increase of water vapor reduces air density (the molecular mass of water is in fact less than the molecular mass of dry air). Considering that the number of molecules is constant for a particular volume of any gas at a given temperature and pressure (i.e., Avogadro's Law [see, e.g., Spellman, 2009] ), the number of dry air molecules must decrease by the same number of added water molecules, resulting in a reduction of the density. In turn, this implies an enhancement of buoyancy and consequently an increase of the turbulent mixing, friction velocity and hence the drag coefficient [see, e.g., Turner, 1980; Bianco et al., 2011] .
[7] It is therefore argued that a final parametrization of the drag coefficient should be comprehensive of many physical properties and phenomena at the air-sea interface [Babanin and Makin, 2008] to capture the large variability of the sea drag. At present, however, it is not confirmed whether this uncertainty can be eliminated by adding additional atmospheric and wave parameters, describing, e.g., waveshape and relative humidity, to regression models.
[8] In the present study, we make use of a set of atmospheric and wave data collected in finite water depth regimes at the Lake George measurement site Young et al., 2005] to explore the performance of multiple regression models, which allow the simultaneous testing of independent variables. In particular, the effects of relative humidity, water depth and wave steepness are addressed. A brief description of the data set is presented in section 2. The relationship between the atmospheric characteristics and sea drag is discussed in section 3, while the sea drag dependence on sea state parameters is discussed in section 4. The relation between wave parameters and sea roughness is also addressed. In section 5, regression models for predicting the drag coefficient are analyzed. Concluding remarks are presented in section 6.
The Lake George Experiment
[9] An integrated set of instruments was deployed at Lake George to monitor the atmospheric boundary layer, the water surface, the water column and the bottom boundary layer. A complete description of this experiment is presented in Young et al. [2005] . Records consist of wind speed, pressure at the water surface, air temperature, water temperature, air humidity and water surface elevation (see Makin [2008] Donelan et al. [2005] for a complete description of measurements).
[10] Wind profiles were obtained by means of the anemometer mast with 6 cup anemometers logarithmically spaced from 10 m height down to 0.22 m above the mean sea level; wind directions were measured at 10 m and 0.89 m. The wind probes were Aanderaa Instruments Wind Speed Sensors 2740 and Wind Direction Sensors 3590. The speed sensor provided 1 min average wind speeds and gusts. Accuracy of the wind speed measurements is AE2% or AE0.2 m/s, whichever is greater. For redundancy in the wind speed and momentum flux estimates, a Gill Instruments Ultrasonic Anemometer was also deployed on the mast and sampled the three-dimensional air velocity at a rate of 21 Hz. Here we only use a fraction of the entire data set, namely records gathered during the first year of observations; the relevant characteristics of the data are described in Babanin and Makin [2008] .
[11] Measurements at the wind speed sensor were used to extract the friction velocity u * and subsequently the drag coefficient by assuming the logarithmic profiles (3). For high winds, this estimate is generally consistent with direct estimates of u * from observations recorded by the sonic anemometer (i.e., u * 2 = ÀU ′ w ′ , where U′ and w′ are the oscillations of the horizontal and vertical velocity). When U 10 < 4 m/s, however, the friction velocity based on sonic anemometer can be up to 3 times larger than the one at the anemometer mast [Babanin and Makin, 2008] . This considerable scatter of u * may indicate that the assumption of the constant flux layer could have been violated by background processes in the atmosphere and hence the concept of the constant flux may not be valid as described by Komen et al. [1994] . This can be due to nonstationarity and nonhomogeneity of the mean wind, which is very likely for fields of light winds, or perhaps height of the constant flux layer less than 10 m. Therefore, the light wind measurements (U 10 < 4 m/s) were excluded from the analysis; this represents about 14% of the entire data set.
[12] For every record of wind speed, average values of air temperature, sea temperature and humidity were gathered. We mention, however, that about 10% of the observations misses these additional measurements, mainly for wind speed greater than 4 m/s. Thus, only observations including the complete set of atmospheric data were considered. On the whole, 132 records were used for the analysis of the sea drag dependence on atmospheric parameters. For these records, observations of the water surface elevation were available. Measurements were gathered by an array of wave gauges sampling at 25 Hz (see Young et al. [2005] for details).
Sea Drag Dependence on Atmospheric Parameters
[13] The drag coefficient is here calculated following equation (2) and is presented as a function of wind speed in Figure 1 . A linear regression was fitted to the data with a least square method. Its form is
and is also displayed in Figure 1 . Two out of many parametric linear functions available in the literature [i.e., Garratt, 1977; Donelan, 1982] are also shown for reference.
[14] A statistical analysis of the fitted regression model (5) is discussed in section 5.1. Here we only mention that this model is similar to the other relationships displayed in Figure 1 as well as other models available in the literature [see, e.g., Young, 1999; Guan and Xie, 2004] . The difference in the constants can largely be explained by the differences in fetch and water depth conditions at the measuring site [Smith et al., 1992] . For all functions, however, there is a large scatter of data, especially for relatively low winds (U 10 < 10 m/s). A measure of the correlation between the variables (U 10 and C d ) can be obtained from the Pearson correlation coefficient [see, e.g., Becker et al., 1988] 
where cov(•) is the covariance between the wind speed and the drag coefficient, while s U 10 and s C d are the related standard deviations. For the present set of data, r(U 10 , C d ) = 0.34 indicating a rather poor correlation between the two variables.
[15] A previous investigation of the Lake George data set has indicated that part of the distant outliers are related to the wind gustiness [Babanin and Makin, 2008] . A considerable amount of scattered data, furthermore, was recorded in dry air. A substantial increase of the Pearson correlation coefficient (up to 0.6) is in fact achieved if observations with relative humidity f lower than 50% are removed (these observations are normally characterized by low winds); see how data gathered in conditions of high relative humidity are more closely distributed along the regression models in Figure 1 . It is also instructive to note that observations were obtained within a large range of air-sea temperature difference (T air À T sea ), varying from À6
C to +1 C with values lower than À1 C mainly associated to U 10 > 8 m/s and relative humidity f > 50%. However, no significant dependencies between the air-sea temperature difference and the wind speed or sea drag were observed to suggest any notable influence of T air À T sea on the scatter.
[16] It is interesting to mention that, despite some scatter (especially at low winds), the relative humidity exhibits a positive trend with increasing wind speed (see Figure 2) ; the correlation coefficient r(U 10 , f) ≈ 0.5. A possible reason for this dependence may be the increase of the concentration of spray droplets for increasing wind [see, e.g., Andreas et al., 1995] . Due to the small droplet size for U 10 < 30 m/s, it is expected that most of the sea spray evaporates before reentering the water [cf. Bianco et al., 2011, and reference therein] , thus increasing humidity. Note that this seems also to be confirmed by the cooling of air temperature for increasing humidity. The concurrent enhancement of air Records are displayed according to the relative humidity: relative humidity <50% (black circles); relative humidity ≥50% (grey circles). Linear regression models based on the present Lake George data set (solid line), Garratt [1977] (dashed line) and Donelan [1982] (dash-dotted line) are shown as reference. moisture would decrease air density and in turn increase friction velocity and hence the drag coefficient [Bianco et al., 2011] . In this respect, a clear relation between the relative humidity and the sea drag was observed (see the scatterplot in Figure 3a) . Surprisingly, however, the data show a weak decreasing trend of sea drag for increasing humidity, which is mainly forced by largely scattered values of C d for f < 50%. For more humid air, though, the drag coefficient exhibits a weak growing trend for increasing humidity. A similar behavior is also observed for the Charnock coefficient (see Figure 3b) .
[17] In order to capture this double trend, quadratic polynomial functions of the form
can be used to describe the dependency between sea drag (or sea roughness) and humidity. A more accurate view of this relationship is also presented in Figure 4 , where a series of three conditional plots on wind speed are displayed. Linear regressions are reported for reference C d Â 10 3 ¼ À0:033f þ 3:2 for 4 m=s < U 10 < 8 m=s; C d Â 10 3 ¼ À0:011f þ 2:41 for 8 m=s < U 10 < 12 m=s;
For conditions of low wind (4 m/s < U 10 < 8 m/s), the drag coefficient is normally very large and shows a clear and robust tendency to decrease with increasing humidity (see left panel in Figure 4 ). This result is qualitative consistent with Kara et al. [2005] , although the trend in our data set is more pronounced. For air-sea temperature differences similar to the ones at Lake George,
at Lake George. Large values of surface drag at low winds, however, normally occurred with large wind gustiness (G = s U 10 =U 10 > 0.09) [Babanin and Makin, 2008] . While gusty winds amplify air flow fluctuation and hence increase friction velocity and surface drag, it is not expected that an erratic sea spray generation originated from short intermittent blasts may be sufficient to alter the average values of relative humidity, which therefore remains generally low. For higher and less gusty winds, nonetheless, the negative trend gradually attenuates and eventually becomes positive for U 10 > 12 m/s.
Sea Drag Dependence on Wave Parameters
[18] The general sea state behavior of drag can be considered in traditional terms by using the inverse wave age u * / c p , which takes into account the effect of rougher young sea [cf. Babanin and Makin, 2008] . The scatterplot of the drag and Charnock coefficients against the inverse wave age is presented in Figure 5 . The sea drag coefficients appears to be rather well correlated with the inverse wave age (i.e., r(u * / c p , C d ) ≈ 0.62). For the Charnock coefficient, however, there is a very large scatter that involves about 20% of the observations. Although the bulk of observations shows a rather good relationship, this scatter produces an overall poor correlation coefficient (i.e., r(u * /c p , a) ≈ 0.10). This is possibly related to the fact that the Charnock coefficient is more sensitive to errors as it depends exponentially on the drag coefficient [WISE Group et al., 2007] .
[19] A fit based on the least squared method of the data has the form
and
These models are also included in Figure 5 . Note that the regression coefficients are to some extend consistent with other parameterizations available in the literature [cf., e.g., Guan and Xie, 2004] . It is also interesting to note that these fits capture the trend of the drag and Charnock coefficients quite well. However, due to the large scatter of the latter, equation (10) is shifted toward higher values, producing an overall unsatisfactory quantitative approximation of the Charnock coefficient.
[20] It is important to mention that wave measurements at Lake George were conducted in finite water depth conditions with the majority of the observations characterized by a relative water depth k p h ≈ 1, where k p is the wave number at the spectral peak and h is the water depth. Water depth effects together with large wind result in a steeper and more vertically asymmetric profile for dominant waves, which enhances breaking probability, air flow separation and sea drag [Smith et al., 1992; Makin and Kudryavtsev, 2002] . In order to account for wave steepness and finite water depth effects, a general nonlinear parameter m is defined as m ¼ 1 2 a k½4 tanhðkhÞ þ tanhð2khÞ½1 À tanhðkhÞ 2 tanhðkhÞ½2 tanhðkhÞ À tanhð2khÞ þ 2k tanhðkhÞ
where k is a general wave number and a is half the wave height (see Whitham [1974] and Toffoli et al. [2007] for details). This parameter represents the amplitude of the second-order harmonic: for deep water waves m = ka (wave steepness); in a shallow water regime, m = 3 ka/(4k 3 h 3 ), which is the Ursell number [Ursell, 1953; Osborne and Petti, 1994] . It is interesting to note that there is a positive trend for the relative humidity to increase with m. This is consistent with the fact that steeper waves would facilitate the generation of sea spray droplets.
[21] The relation between m and the drag and Charnock coefficients is presented in Figure 6 ; the wave number at the spectral peak is used to estimate m. For both coefficients, there is an expected growing trend for increasing m, when m > 0.3. This condition corresponds to high winds and relatively shallow water regimes (kh < 1). Nonetheless, it was unusual to verify that there is a robust trend for the sea drag and sea roughness to increase for decreasing m when m < 0.3 (this negative trend is slightly more accentuated for a, see Figure 6b ). The largest values of drag and Charnock coefficients occurred at relatively low and gusty winds. As it is not expected that short intermittent blasts may vary the value of m for dominant waves, the nonlinear parameter m remained normally small under these circumstances.
[22] In order to properly model this particular trend (negative for m < 0.3 and positive for m > 0.3) a polynomial function is used; for the present data set, it assumes the following forms: Note that the decreasing trend for low m indirectly include the effect of gustiness.
Regression Models

Parameterizations of the Drag Coefficient Based on Wind Speed
[23] The linear parametrization of the drag coefficient over the wind is extensively discussed in a number of research papers (see Young [1999] for a review). In the following, the accuracy of a linear regression model is presented with the purpose of setting a benchmark to further address the effects of additional parameters in the parametrization of the drag coefficient. The analysis is carried out in the R environment [R Development Core Team, 2006] .
[24] The quality of the model fit can be commonly measured with the coefficient of determination (also known as R-squared and here expressed as R s ). It is calculated by subtracting from unity the ratio of the variance of the errors to the variance of the observations (residual variability). R s = 0 would indicate that no significant relationship exists between the variables, while R s = 1 would substantiate that the model fits perfectly to the data, i.e., all variability is captured by the variables specified in the model.
[25] For a parametric model based on wind speed (5), R s assumes a value as low as 0.36, indicating a rather poor performance of the model. This means that the model is capable to only capture 36% of the original variability. The performance of the model is summarized in Figure 7 (see triangles in the figure), where predictions from (5) are plotted against observations. Note that a linear fit based on wind speed results in a significant deviation from the ideal correlation line (1:1).
[26] Generally speaking, regression techniques allow the construction of models combining an arbitrary number of variables. Considering the influence that humidity exerts on Figure 6a) ; a = 0.001m À2 + 0.03m À 0.01 (Figure 6b ). sea drag (see, e.g., Figure 3 ), a two-variable linear regression model of the form C d = a + b U 10 + c f 2 + d f is here explored to address the contribution of the relative humidity (note that humidity is expressed in percentage). Simplified regressions based on a linear form for the relative humidity do not perform as well as the one aforementioned and were therefore discarded.
[27] As for (5), the coefficients were calculated by fitting observations with a least squares method [see, e.g., Chambers and Hastie, 1992] . The model assumes the following form:
[28] The scatterplot of predicted C d (14) against the observations is displayed in Figure 7 (see crosses in the figure), together with a concurrent linear fit. R s associated to this regression is about 0.52. Although equation (14) still cannot provide an accurate estimation of the drag coefficient (R s remains small after all), the addition of relative humidity has a significant impact on the prediction of the sea drag coefficient if compared with a standard linear parametrization solely based on wind speed. Overall, this conclusion is statistically supported by the fact that the residuals associated to (14) are notably lower than in (5) (and supported by t value tests at 95% confidence level). Note also that multicollinearity between variables, which could undermine the stability of the regression, has been found to be negligible.
[29] As an attempt to understand the reason why a more significant improvement is not achieved by including the humidity, outliers were further analyzed. Unfortunately, although these outliers are characterized by a rather large value of relative humidity (f > 88%), there seems to be no significant relation with any other atmospheric parameter. We remark that the regression model proposed by Kara et al. [2005] also includes the contribution of the air-sea temperature difference. In our data set, however, the absence of a clear correlation between T air À T sea and the sea drag leads to no significant improvement of the parametric model if this additional variable is included. In this respect, a model based on wind speed, relative humidity and air-sea temperature difference is characterized by R s = 0.53, which is basically identical to the R s associated to equation (14).
[30] In order to eliminate more variability, a sea state dependence in terms of the general nonlinear parameter m has to be accounted for in the regression model. The parameterization assumes the following form:
We remark that simplified regressions based on linear or power law contributions for relative humidity and nonlinear parameter m under perform when compared with (15), and hence were not considered.
[31] The scatterplot of predicted drag coefficients (15) against observations is presented in Figure 7 (see circles in the figure) ; the concurrent linear trend is shown too. The inclusion of the nonlinear parameter m contributes significantly in reducing most of the uncertainty in the drag coefficient. The addition of a sea state related parameter, in fact, captures about 76% (i.e., R s ≈ 0.76) of the entire variability. Although some scatter still persists (partially related to measurement errors), we stress on the fact that a multivariable regression model substantially improves the estimation of the drag coefficient.
Parameterizations of the Drag Coefficient Based on Inverse Wave Age
[32] An alternative way to parameterize the drag coefficient is to consider the inverse wave age u * /c p , to capture the effect of rougher young seas. A regression solely based on the inverse wave age is shown in (9); the scatterplot of predicted values against observation is presented in Figure 8 Figure 8. Scatterplot of predicted against observed drag coefficients. Predictions are based on the inverse wave age (circles); inverse wave age and relative humidity (crosses); and inverse wave age, relative humidity and the general nonlinear parameter m (triangles).
(see triangles in the figure), together with the concurrent linear trend. A statistical exploration of this parametric model indicates that it can capture about 60% of the variability in the drag coefficient (R s = 0.6). This improvement is substantial if compared against the performance of a wind speed related model (5), which only captures 36% of the scatter.
[33] Despite an already good performance, an improvement of (9) can be further obtained by including the relative humidity and the general nonlinear parameter m. The parameterizations assumes the form 
Predictions based on these models versus observations are presented in Figure 8 (see crosses and circles in the figure, respectively). The effect of the relative humidity, however, is only marginal and its contribution only slightly increases R s to 0.67. Nonetheless, the addition of m appears to me more significant, enhancing R s up to 0.82. Without any significant reduction of efficiency, the humidity can be removed from the model; the parametrization (17) can thus be simplified to
We stress on the fact that this model performs significantly better (R s ≈ 0.80) than a standard parametrization solely based on the inverse wave age, where R s only reaches a value of 0.6.
Parameterizations of the Charnock Coefficient
[34] In section 6, the contribution of the relative humidity and the nonlinear parameter m in modeling the Charnock coefficient is explored. A fitting solely based on the inverse wave age is shown in (10). The scatterplot of predicted values against observations is shown in Figure 9 (see triangles in the figure), together with the concurrent trend. Due to the large scatter of the Charnock coefficient, the model poorly captures the data variability (R s = 0.12).
[35] A significant improvement in the parametrization of the Charnock coefficient is achieved by including the contribution of the relative humidity. The regression model assumes the form
The scatterplot of predictions (19) against observations is shown in Figure 9 (see crosses in the figure). Although predictions of large Charnock coefficients are still poor, the model performs rather well, with an increase of R s up to 0.62 (i.e., 62% of the variability is now accounted for). It is interesting to note the contribution of the relative humidity is more substantially for the Charnock coefficient than for the sea drag.
[36] A more significant contribution in the improvement of the regression model is, on the other hand, obtained by including the contribution of m. Fitting the model against the observations, the parameterization assume the form a ¼ 0:14 þ 0:37 u * c p 2 þ ð0:00003f 2 À 0:004fÞ
The scatterplot of predictions against observation is shown in Figure 9 (see circles in the figure) . The addition of m eliminates about 73% of the total variability (i.e., R s = 0.73). Note, however, that models for the Charnock coefficient Figure 9 . Scatterplot of predicted against observed Charnock coefficients. Predictions are based on the inverse wave age (circles); inverse wave age and relative humidity (crosses); and inverse wave age, relative humidity and the general nonlinear parameter m (triangles).
under perform when compared with similar regressions for the drag coefficient.
Conclusions
[37] A set of atmospheric and wave data including wind speed, sea temperature, air temperature, relative humidity and water surface elevation at the Lake George measurement site was investigated. The purpose was to address the effect of parameters other than wind speed such as humidity, wave steepness and relative water depth on the parametrization of the drag coefficient.
[38] The sea drag is normally modeled as a linear function of the wind speed. However, this parametrization is subjected to a large scatter, which reduces the efficiency of the prediction. Correlation coefficients associated to the linear regression are normally low. For the present data, only 36% of data variability is accounted for.
[39] Interestingly enough, the analysis indicates that there is a notable relation between sea drag coefficient and humidity. For low winds, i.e., 4 m/s < U 10 < 8 m/s, the drag coefficient shows a rapid decreasing trend if humidity increases, which is mainly due to gusty wind. For larger wind, however, the sea drag shows a weak growing trend with increasing humidity. This is related to the fact that a less dense humid air enhances turbulent mixing and hence friction velocity. Furthermore, the drag coefficient appears to be related to wave parameters such as the wave steepness and the relative water depth, which affect air flow separation and hence friction velocity. Their effect was combined in a single nonlinear parameter (m), which tends to the wave steepness for deep water conditions and the Ursell number in shallow water regimes. Due to strong gustiness at low winds, the sea drag is normally large for small m and exhibits a negative trend until m ≈ 0.3. For higher and less gusty winds (corresponding to about m > 0.3), however, the drag coefficient shows a consistent growing trend for increasing m.
[40] Sea drag dependencies on relative humidity and the nonlinear parameter m were included in multiple regression models for the prediction of the drag coefficient. On the whole, the addition of parameters to the regression improves the model performance by capturing more variability than a standard single-parameter model based on wind speed. In this respect, we verified that the combined effect of wind speed, relative humidity and m can account for about 76% of the scatter.
[41] In order to account for the enhanced roughness in young sea, the inverse wave age was used instead of the wind sea to parameterize the surface drag. A single-parameter model only based on the inverse wave age performs quite well if compared with a wind speed related model, with R s increasing to 0.60. The inclusion of relative humidity, in this respect, only has a marginal contribution. A more significant improvement, however, is achieved with the addition of m, which enhances R s up to about 0.8.
[42] For completeness, a parametrization based on the inverse wave age of the sea roughness, expressed in the form of the Charnock parameter, has been explored. Due to large scatter in about 20% of the data, the regression model performed poorly, with only 12% of the data variability accounted for. However, as for the drag coefficient, we verified that the addition of parameters other than the inverse wave age substantially improve the model performance, capturing up to 73% of the data variability. Note, however, that models for the Charnock coefficient generally under perform when compared with similar models for the drag coefficient.
[43] It is important to note that a validation of multiparameter regression models with an independent set of data was not performed. However, we stress the fact that the results of the present study indicate that there is a statistically significant advantage to introduce additional variables to the parametrization of the sea drag coefficient, especially if compared with standard regressions only based on wind speed or inverse wave age.
